ABSTRACT
INTRODUCTION
Perceptual capabilities are often the main bottleneck for successful operation of discrete event autonomous systems. As the degree of system uncertainty and ambiguity increases, one sensor alone may not provide sufficient information. Research in the area of multi-sensor fusion has increased the robustness of systems operating in uncertain environments. However, these solutions often require high computational power by utilising all the sensors continuously. As the tasks become more complex and more numerous, the number of relevant features of the environment quickly exceeds the sensing and processing resources that are feasible to supply to real-world control systems. Hence, there is an increasing need for controlling sensory perception.
The SPC fits particularly well in the discrete event framework. The traditional approach to the control of sen-0-7803-4778-1 /98 $10.00 @ 1998 IEEE
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Department of Engineering Faculty of Engineering and Info. Tech The Australian National University Canberra, Australia email: brenan@faceng.anu.edu.au sory perception in feedback control systems requires heavy continuous Computations during execution. The continuous computations often outweigh the actual sensing costs and the practical value of such solutions is limited. In the discrete event formalism, the control of sensory perception is only needed at the occurrence of the events. Hence, valuable processing time is available between the occurrence of events for other components of the discrete event control architecture.
One advantage of the discrete event framework is the common representational format provided for different sensor types. The natural common format is the events occurring during execution. The general SPC concept presented in this paper is applicable to a wide range of sensor types in different discrete event control systems. In particular, the discrete event framework has proven successful in manufacturing problems, robotic assembly, mobile robot navigation, communication networks, transportation systems and logistic systems.
The control of discrete event systems has received a significant amount of attention in recent years, see for example [I, 2, 121. Traditionally, perfect sensing of discrete events has been assumed. In other work, for example [9] , [ll] , the requirement of perfect event recognition is reduced to a sub-set of all passible discrete events. State ambiguities are allowed to develop, but these must be resolvable after a bounded interval of events. For most practical systems the assumption of perfect event sensing is unrealistic. To increase applicability of discrete event theory, there is a need for dealing with the sensing aspects of discrete events. Discrete event identification is one of the main difficulties with interfacing continuous-time systems with discrete event controllers.
The paper presents a summary of the results we have achieved using sensory perception control. More details are found in [3, 4, 5, 61.
FORMULATION OF THE SENSORY PERCEPTION CONTROL PROBLEM
In this section we formulate and briefly describe the sensory perception control problem. The SPC is set in the discrete event framework as illustrated by When a discrete event occurs, the sensory perception controller (SPC) has the option of consulting any of the process monitors. The SPC has two main objectives. First, the SPC must use the recognised events e'(tk) and the corresponding confidence levels C?(tk) efficiently to correctly recognise the actual discrete events. Even when some of the ei(tk) are iiicorrect, a robust SPC is able to recognise the correct evlent. Second, the SPC must keep the perceptual costs low. In real-world applications computational resources are limited and have to be shared between the perceptual system and the other parts of the control system.
The SPC maps the final recognised event e* ( t k ) to a final recognised DES state ~* ( t k ) which is sent to the discrete event controller. The discrete event controller changes its command vector ( t k ) depending on ~* ( t k ) .
The command vector depends on the process plant, but typically contains reference commands and parameters for low-level process plant controllers. The command vector (tk) will drive the process plant until the next discrete event occurs. The sensory perception control system is then activated again.
We formulate the sensory perception control problem as a discounted Markov decision problem. The past decade has seen a notably development in both applied and theoretical results on Markov decision processes. However, in that period relatively little effort was put in applying the quite useful Markov decision model to practical problems, [13] . One advantage of Markov decision process theory is the fact that the optimal actions at any decision epoch are independent of the actions at previous decision epochs.
This property allows for efficient decision making dg+ rithms, such as stochastic dynamic programming. For a thorough description of the Markov decision formulation of the SPC, see [3] .
STOCHASTIC DYNAMIC PROGRAMMING SOLUTION FOR
REALTIME IMPLEMENTATION
Stochastic dynamic programming provides a cost-efficient solution to Markov decision processes. The off-line SDP algorithm is described by the following two equations.
K(z,si) = m8X{r(si,al),Rn(z,si,az)
. The SPC real-time algorithm is illustrated in Figure 2 .
The SPC uses the results from the off-line SDP alge rithm as a basis for finding the optimal permutation z* of event monitors. Real-time recognised events e(n) and confidence levels C(n) from one monitor are measured at every sequential decision n. The continuous confidence namic sensing strategy achieves an event recognition rate as high as 98% with less than half the sensing costs compared to a fixed multi-sensor system using all the monitors for every event occurence. levels are mapped by the function f ( e ) to the nearest discrete SDP state a(n+ l), which is used as a lookup index in the optimal values V, and the actions a, generated offline. When the SPC terminates, the recognised event e* from the SPC is mapped by the function T(,) to a final recognised DES state y*.
CONTROL OF SENSORY PERCEPTION IN ROBOTIC ASSEMBLY
The difficulties involved in event recognition still limits the discrete event approach to robotic assembly. In this section we demonstrate the benefits of the SPC approach to assembly. Four event monitors are available and the SPC actively selects different event monitors. The dy- Figures 3 and 4 show the experimental setup and the contact states model for a planar assembly task. A discrete state is defined as a contact formation consisting of zero, one or more edge-surface contacts between the workpiece and the environment. The set of discrete states is then the set of all possible contact formations A discrete event in robotic assembly is defined as a change of contact state. The events are discrete in time and describe a gain or a loss of a single edge-surface contact between the workpiece and the environment. For the contact states shown in Figure 4 , the set of discrete events are given by SPC and the four different process monitors were tested on a sample set of 100 discrete events. The number of events successfully recognised by the monitors are shown in Table 2 . The thorough force analysis by the HMM and MLP monitors result in reasonably large recognition rates. Note, however, >that even larger recognition rates have been reported for the HMMs (9%) by [5] and for the MLP (94%) by [7] . In this chapter we are demonstrating the efficiency of the sensory perception controller. Hence, the average recognition rates of the HMM and the MLP monitors are reduced on purpose. The reduction in recognition rates is achieved by reducing the number of force training examples for these two methods.
Figures 5 and 6 show the average costs and recognition rates for the four individual monitors, for all the monitors combined and for ithe SPC. The performances were tested on a sample set of 100 discrete events. In the figures DF is the distance functions process monitor, MLP is the multilayer perceptron, QR is the qualitative template matching method and HMM is the Hidden Markov Model method. ALL is a consensus-based method on all the monitors described as follows. where $ ( e , ) is the score for event e, from process monitor j as described in the appendices. As expected, the best recognition result (99%) was obtained using all the monitors for every event occurrence. The SPC recognition rate was slightly lower at 98%. However, the average SPC sensing costs are less than half the cost of using all the monitors. Moreover, the SPC recognition rates are higher than any individual event monitor. Similar results were presented by [4] when using three process monitors for robotic assembly. The experiments demonstrate significant cost sab5ngs of the SPC compared to multi-sensor fusion techniques without drastically reducing the event recognition rates.
CONTROL OF SENSORY PERCEPTION IN MOBILE NAVIGATION
The problem of mobile navigation is immense. Different strategies are required for static, dynamic, partially known and unknown environments. We focus our attention to the localisation problem in a planar static environment as shown in Figure 7 . The proposed method handles noisy and imperfect sensing, but requires all surfaces in the world to be modelled. For simplicity, all surfaces in the model in Figure 8 are straight lines. More complex surfaces, for example circles and semi-circles, can easily be incorporated into the model. However, such surfaces complicate the event identification algorithms. Each wall and door is modelled as a straight line. The mobile unit is modelled as a point (pz, py) with a direction 0. The point (pz,pv) of the mobile unit can be in any of the free spaces or contact any of the walls and doors.
As for the assembly example in the previous section, the discrete events are defined as changes of physical contact states. In this section we briefly summarise the benefits of the SPC for mobile navigation. A detailed description of the control of sensory perception for mobile navigation is presented in [6] .
The process monitors used in for the assembly task are also used for the navigation problem. The required CPU times and the average recognition rates of the monitors in real-time operation were found from a sample set of 300 discrete events and are given in Table 3 . are used for every event occurrence, the consensus-based decision making is performed as in equation (3). As expected, the highest recognition rate, 98%, was achieved when using all the monitors for every event occurrence as compared to 96.4% for the SPC. However, the cost of the SPC is approximately one third of the cost of using all the monitors. Note also that all the sensory perception method has a higher recognition rate than any individual process monitor.
CONCLUSIONS
In this paper we have presented the concept of sensory perception control for discrete event systems. The use of a sensory perception controller reduces the real-time sensing costs and increases the successful event recogni- tion rates. The concept of sensory perception control has been demonstrated for two applications; robotic assembly and mobile navigation. As a control system's tasks become more complex and more numerous, the number of relevant features of the environment quickly exceeds the sensing and processing resources that are feasible to s u p ply to the control system. The control of sensory percep tion is an important step towards designing autonomous systems in complex and uncertain environments.
